Abstract-This paper proposes a neural network based method to achieve an automatic detection of different stator faults of the induction motor. The concerned stator faults are the inter turns short circuit, phase to phase and phase to ground faults. The inputs of the feedforward multi-layer neural network are the indicators of the stator faults while its outputs are the corresponding faults. Therefore, the used indicators of faults are extracted from the symmetrical components of the stator currents which are the magnitude and the angle phase of the negative and zero sequence current. The neural network is trained by the back-propagation algorithm. A faulty simplified multiple coupled circuit model of a 1.1 kW induction motor is used to simulate the different operating conditions of the machine useful to built the data base for the training and the test procedures. The good training and test results show the efficiency of the proposed method.
INTRODUCTION
Nowadays, fault detection and fault diagnosis of the electrical machine are increasingly required in the majority of the industrial process. The induction motor (IM) was, up to now, the most important components to be monitored. Fault detection of the IM is of a great concern since it can ensure the continuity of the production, the reliability and the safety of the machine and consequently avoid undesirable and catastrophic failures. Therefore, under these requirements many methods are developed and proposed to detect electrical and mechanical faults. In this paper the detection is restricted only to the electrical faults the most occurred in the IM which are the stator faults [1] . In this work, the treated faults are the inter turns short circuit (ITSC), phase to phase and phase to ground faults.
The majority of the relevant methods applied to the fault detection are essentially based on the online monitoring of one or several indicators of fault, termed signatures of fault. These latter are extracted mostly from measured signals. But nowadays, due to the growing complexity of the modern process plants it is inconceivable to maintain a human being continually monitor these indicators of fault. As a consequence, artificial intelligence (AI) has been extensively used to replace the human interface and automate the fault detection procedure. Different tools of the AI have been emerged [2] . The powerful tools among these are expert system (ES), genetic algorithm (GA), and artificial neural networks (ANNs) [3] .
Considerable interest has been shown in the literature for the application of ANNs to solve the problems of the fault detection and diagnosis [4] [5] [6] [7] . This intensive attention is due to the ability of the ANNs to learn complex, non-linear functions and their generalization capability. The ANNs can be used in different ways, as estimators or as classifiers. Fault detection is considered essentially as a classification problem and hence, in the field of fault detection (FD), the ANNs are particularly used as pattern classifier. In this case, the ANNs have to be trained to learn the underlying relationships between the fault and its corresponding signature. It means that the ANN has to be trained so that it can identify the fault corresponding to the signature presented to its inputs. Therefore, the fundamental requirement to implement a successful ANN classifier is the availability of relevant sets of input data containing rich and accurate information about the different operating conditions of the motor for each case of the considered fault. Accordingly, the selection of proper inputs which are the indicators of fault must be made with utmost care to ensure effective performance of the FD.
In the literature, a substantial amount of research has been conducted to found reliable indicators of stator faults [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] . As a result, a variety of stator fault indicators is proposed namely the current and the voltage [9] , the phase shift between the current and the voltage [5] , current residue [6] , sequence components [11] [12] [13] [14] [15] . The symmetrical components are a powerful tool to analyze and solve the problem of any unbalanced system. That is why, in this paper, the symmetrical components are used to extract four indicators of stator faults. These indicators are the magnitude and the phase angle of the negative and zero sequence current. These four indicators are used as the inputs of the neural network which has been trained and tested by an adequate data base in order to be able to detect and identify ITSC, phase to phase and phase to ground fault.
II. DESCRIPTION OF PROPOSED FAULT DETECTION METHOD
The proposed method is based on computing the symmetric components using the three line currents of the IM. From these components, four indicators of faults (S 1 , S 2 , S 3 , S 4 ) are extracted. These indicators are used as the inputs of the ANN responsible of the automatic fault detection, as it is shown in Fig.1 . The computation of the symmetrical components is performed according different steps illustrated in Fig.1 . Therefore, fast Fourier transformer (FFT) is applied to the three line currents of the motor to extract the magnitude and the phase angle of each line current useful to compute the complex value of the negative sequence current ( 2 I ) and the zero sequence current ( 0 I ). After that, the magnitude (I 2 , I 0 ) and the phase angle ( 2 Φ , 0 Φ ) of the negative-and the zerosequence current are extracted. Thus, the used multi layer feedforward neural network owns four inputs (S 1 , S 2 , S 3 , S 4 ) and three outputs (O 1 , O 2 , O 3 ) as it is depicted in Fig.1 with: S 1 : The magnitude of the negative sequence current I 2 S 2 : The phase angle of the negative sequence current 2 Φ S 3 : The magnitude of the zero sequence current I 0 S 4 : The phase angle of the zero sequence current 0
Φ
The neural network approach for the automatic detection of stator fault is performed on two phases, training and testing. During the training phase, ANN is trained to capture the underlying relationships between the chosen inputs and outputs. After training, the ANN is tested with a test data set which was not used for training. Note that in simulation, the motor is replaced by a simplified multiple coupled model able to simulate in easy way the ITSC, phase to phase and phase to ground faults.
III. EXTRACTION OF THE INDICATORS OF STATOR FAULT
The extraction of the indicators of fault is a critical initial step in any monitoring and fault diagnosis systems. In the major research works, the use of the line current of the machine to monitor the operating condition has aroused great attention. The underlying reasons of this attention are that the current is rich in fault information and it can easily be measured with a cheap sensor without disturbing the operating of the machine.
Any unbalanced system can be decomposed on three balanced systems which are the positive, negative and zero sequence components [19] . In an IM, the unbalance conditions are due to different factors, where the unbalance of the supply voltage is one among them. But the voltage unbalance is not addressed in this work since we consider the case of an IM supplied by three phase voltages delivered by an industrial converter. In this case, the supplied voltage of the motor is usually balanced even under fault conditions.
According to the symmetrical components methodology the three unbalanced stator currents (i a , i b , i c ) can be transformed into three sets of symmetrical balanced phases (I 1 , I 2 , I 0 ) using the complex Fortescue's transformation given by the equation (1). 
The simulation of the line current under different fault conditions is performed by a simplified multiple-coupled circuit model able to simulate in easy way the behavior of the machine under ITSC, phase to phase and phase to ground faults. This simple and efficient model is represented in Fig.2 and well described in [14] . Fig.2 illustrates how to perform the simulation of ITSC fault (bleu lines), phase to phase (green lines) and phase to ground fault (red lines) through a fault resistance R d .
In this paper the attention is focused on the negative and zero sequence current due their attractive features useful to effectively detect the three stator faults [15] as it will be shown in the followed sub-sections. The results presented so far, are obtained using a simulated machine of a 1,1kW, 2 pole pairs, 50 Hz, 230V/400V three-phase squirrel cage IM. The three-phase stator windings are Y connected and composed by 464 turns per phase, while the rotor is formed by 28 bars. The electrical parameters of the machine are: Rs = 9.8Ω, Rr= 5.3 Ω, Ls = 0.33H, Lr = 0.3588 H, fts = 2% ftr = 2%, n = 1431rpm and s = 0.045 (slip for nominal torque T 1 )
A. Study of the symmetrical components underITSC fault
The simulated results for different cases of ITSC fault in each stator winding obtained by varying the number of shorted turns N A , N B and N C in phase A, B and C respectively, are represented in Table I . These different cases of fault are simulated with a low fault current I d (I dmax =2A) in order to study incipient faults. The value of I d is controlled by the fault resistance R d (Fig.2, bleu lines) . Referring to table I, it can be seen that the zero sequence current is null while the negative sequence current has a significant value related strongly on the importance and the location of the fault. In fact, the angle phase 2 Φ represents, in an inverse rotating sense, the angle of the source phase that supplies the winding where the fault is occurred. Furthermore, the magnitude I 2 increases with the increasing of the fault. The effect of the load conditions is also studies. Therefore, values of I 2 and 2 Φ are represented for two cases of loads: for nominal load (T 1 ) and for half load (T 2 ). As it can be seen, values of I 2 and 2 Φ are insensitive to the load conditions. Accordingly, the phase angle 2 Φ can be considered as a robust indicator allows the location of the faulty phase while the magnitude I 2 informs about the importance of the fault.
B. Sudy of the symmetrical components under phase to phase fault
The simulated results of different cases of incipient fault between the phase A and the phase B with a low fault current I d ( I dmax = 2A) are represented in Table II and III. The zero sequence current is null as in case of ITSC fault. According to the Table II, the magnitude I 2 increases with the increasing of the fault. Therefore it is an indice informing about the importance of fault without specify the phase the more affected by the fault. This drawback can be removed by referring to the value of 2 Φ represented in Table III . In this The magnitude and the phase angle of the negative sequence current have the same behavior for fault between phase A and C and phase B and C. For this type of fault, the magnitude and the phase angle of the negative sequence current are also insensitive to the load conditions as in case of the ITSC fault.
C. Study of the symmetrical components under phase to ground fault
The magnitude and the phase angle of both the negative and zero sequence current under different cases of incipient phase to ground fault are represented in Table IV . The simulated results are obtained with a low fault current I d (I dmax = 1.5 A). Therefore, the phase to ground fault can be identified by the presence of zero sequence current where its magnitude I 0 has a significant value usually equal to 1/3 of I dmax , and its phase angle 0 Φ takes the same values of the phase angle of the phase where the fault is occurred. Besides, the negative sequence current has the same behavior as in case of ITSC fault. Thus, the magnitude I 2 is useful to inform about the importance of the fault. 
D. Selection of the stator fault indicators
From the above-mentioned study, the magnitude and the phase angle of the negative and zero sequence current under stator fault represent significantly the behavior of the stator fault. Therefore, I 2 , 
IV. DESIGN OF THE ANN CLASSIFIER
The ANNs are considered as an alternative way to tackle complex and ill-defined problems. They learn from examples. An ANN is a collection of simple processing units, mutually interconnected, with weights assigned to the connections. By modifying these weights according to a learning rule, the ANN can be trained to recognize a pattern given in the training data [20] . In this paper the used ANN structure is a feedforward multi-layer perceptron (MLP) network which is the most widely used in classification problems. The ANN is trained by the back-propagation (BP) algorithm that is the popularly used algorithm for training MLP ANN.
A. Training results
During the learning process, a number of desired input output data pairs are used. For this purpose, a training data base composed by a collection of input-output examples is applied to the ANN. The training data base is composed by an input data base (S i ) and corresponding output data base (T i ) (Targets). The training input data set, shown in (0, 0, 1) for a phase to ground fault.
The ANN is trained by the BP algorithm that tries to improve the performance of the NN by minimizing a cost function equal to the mean square error between the desired (T i ) and the actual network output (O i ) (Fig.1) using the gradient descent search technique. After many training sequences, the chosen ANN is the one giving us the good performances of both the training and test procedure in the same time.
However, the architecture of the adopted ANN is represented in Fig.5 . It is composed by an input layer of four nodes representing the four indicators of stator faults, one hidden layer with eight neurons and an output layer with three neurons representing the three classes of faults. The number of the neurons in hidden layer is adjustable. The adequate number is the one which gives the best training and test performances. The used transfer function of the hidden and the output layer are 'tansig' and 'logsig' respectively.
The performance of the ANN is indicated by its MSE illustrated in Fig.6 , where after 4396 training epochs (iterations), the reached MSE is 4.09 10 -23
. The time consumed in the training procedure is very short, it is about 40s. The training outputs and their errors are represented in Fig. 7 . It is clear that the ANN has well learn the examples presented in the training data base since it has reproduced the same desired outputs represented in Fig.4 with low training errors (e 1 , e 2 , e 3 ) = (10 -11 , 10 -11 ,10 -168 ) (see Fig.7 ). 
B. Test results
The training procedure is followed by a test sequence. However, it is crucial to test the generalization capacity of the developed network. The test procedure must be performed by a test data base completely different from the training data and did not encounter previously by the ANN. For this purpose, different test data base for each case of stator faults are achieved.
1-The test data base for ITSC fault is composed by 30 unlearned examples which are: 3 examples of healthy operating, 9 examples of ITSC fault in phase A, 9 examples of ) as it is illustrated in Fig.8 . Therefore, the ANN has well identified unlearned examples of ITSC fault. This means that the ANN is able to detect an ITSC fault with a good accuracy. But it is important to mention that the capacity of the ANN to recognize a fault decreases with the increasing of the fault current I d , e.g. for I d2 =4.8 A the ANN can detect only until faults of 12 shorted turns while for I d3 the ANN can detect faults only until 10 shorted turns.
The good training and test results prove that with a simple ANN composed by one hidden layer of eight neurons, the automatic incipient fault detection can be effectively performed. This shows that the neural network based method can be successfully applied for the fault diagnosis field. 
V. CONCLUSION
In this paper a neural network based method for automatic fault detection in induction motor is presented. Through a deep study of the behavior of the symmetrical components of the stator currents under inter turns short circuit fault, phase to phase and phase to ground fault, reliable indicators has been extracted. These indicators of fault are used as the inputs of the neural network. The training and test results are presented using a simulated suitable data base enclosing different operation conditions of operating.
It has been shown that with a simple MLP feedforward network of one hidden layer composed by eight neurons, and a very short training time, good results of the automatic detection is achieved. But it is important to mention that the selection of the indicators of fault is a crucial initial step before starting the conception of a neural network classifier. This step is necessary and must be done with utmost care to obtain accurate results.
